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Abstract — Design  of  an  intelligent  pressure  measurement 
technique  by  Capacitance  Pressure  Sensor  (CPS)  using  an 
optimized  Artificial  Neural  Network  (ANN)  is  reported  in  this 
paper.  The  objectives  of  the  present  work  are:  (i)  to  extend  the 
linearity  range  of  measurement  to  100%  of  input  range,  (ii) 
make  the  measurement  technique  adaptive  to  variation  in 
physical  parameters  of  diaphragm  in  CPS  like,  elasticity 
modulus  and  thickness,  permittivity  of  dielectric  constant, 
and  temperature,  and  (iii)  to  achieve  objectives  (i)  and  (ii) 
using  an  optimized  neural  network.  A  suitable  optimal  ANN 
is  added,  replacing  the  conventional  calibration  circuit,  in 
cascade  to  data  conversion  unit.  The  proposed  measurement 
technique  is  tested  considering  variations  in  physical 
parameters  of  CPS,  and  temperature.  These  parametric 
variations  are  considered  within  the  specified  ranges.  Results 
show  that  the  proposed  intelligent  technique  has  fulfilled  the 
objectives. 

Index  Terms  —  Artificial  Neural  Network,  Optimization, 
Capacitive  Pressure  Sensor,  Non  linear  estimation,  Sensor 
modeling,  Temperature  compensation. 

I.  Introduction 

A  pressure  sensor  measures  pressure,  typically  of  gases 
or  liquids.  Pressure  is  an  expression  of  the  force  required  to 
stop  a  fluid  from  expanding,  and  is  usually  stated  in  terms  of 
force  per  unit  area.  A  pressure  sensor  acts  as  a  transducer.  It 
generates  a  signal  as  a  function  of  the  input  pressure  applied. 
Pressure  sensors  are  used  for  control  and  monitoring  in 
thousands  of  applications.  These  applications  demand  that 
the  sensors  should  be  of  low  cost,  but  have  high  linearity, 
sensitivity  and  resolution  and  can  be  produced  in  mass.  Many 
sensors  are  used  for  this  purpose;  Capacitance  Pressure 
Sensors  (CPS)  finds  a  very  wide  application  because  of  its 
high  sensitivity  and  ruggedness.  However,  the  problem  of 
offset,  high  non-linear  response  characteristics  and, 
dependence  of  output  on  the  thickness  and  Modulus  of 
Elasticity  (E)  of  diaphragm  in  a  CPS  have  restricted  its  use 
and  further  imposes  some  difficulties. 

Literature  survey  suggests  that  in  [1],  compensation  of 
CPS  nonlinearities  is  done  using  neurofuzzy  algorithms.  In 
[2],  Calibration  of  CPS  is  discussed  using  circuits.  In  [3], 
calibration  of  CPS  is  done  using  least  square  support  vector 
regression,  and  for  temperature  compensation  one  more  CPS 
is  used.  In  [4] ,  extension  of  linearity  is  achieved  using  Hermite 
neural  network  algorithm.  In  [5],  Chebyshev  neural  network 
algorithm  is  used  for  extension  of  linearity.  In  [6],  non  linearity 
of  CPS  is  compensated  by  using  Hybrid  Genetic  Algorithm- 
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Radial  Basis  Function  neural  network  (HGA-RBF).  In  [7], 
calibration  of  CPS  is  done  using  DSP  algorithms.  In  [8], 
FLANN  algorithm  is  used  for  calibrations  of  CPS.  In  [9], 
Laguerre  neural  networkis  used  for  calibration  of  CPS.  In  [10], 
Calibration  of  CPS  is  achieved  using  ANN.  Adaptation  to 
physical  properties  of  diaphragm,  and  temperature  is  also 
discussed.  In  [11],  relation  between  diaphragm  properties 
and  CPS  output  is  discussed.  In  [12],  effect  of  dielectric 
properties  on  CPS  output  is  discussed.  In  [13],  effect  of 
temperature  on  CPS  output  is  discussed. 

An  intelligent  pressure  measurement  technique  is 
proposed  as  an  improvement  to  the  earlier  reported  works 
[10].  The  technique  is  designed  to  obtain  full  scale  linearity 
of  input  range  and  makes  the  output  adaptive  to  variations  in 
physical  properties  of  diaphragm,  dielectric  constant,  and 
temperature,  all  using  the  optimized  ANN  model. 

The  paper  is  organised  as  follows:  after  introduction  in 
Section -I,  a  brief  description  on  CPS  is  given  in  Section-II. 
The  output  of  the  CPS  is  capacitance;  a  brief  note  on  data 
conversion  i.e.  timer  circuit  and  frequency  to  voltage  (f-V) 
converter  is  given  in  Section-Ill.  Section-IV  deals  with  the 
problem  statement  followed  by  proposed  solution  in  Section- 
V.  Results  and  analysis  is  given  in  Section-VI.  Finally, 
conclusion  and  future  scope  are  discussed  in  Section  VII. 

II.  Capacitance  pressure  sensor 

CPS  uses  a  thin  diaphragm,  usually  metal  or  metal-coated 
quartz,  as  one  plate  of  a  capacitor.  The  diaphragm  is  exposed 
to  the  process  pressure  on  one  side.  Changes  in  pressure 
cause  it  to  deflect  and  change  the  capacitance  which  is 
proportional  to  the  applied  pressure.  Fig  1  shows  the  model 
oftheCPS[14]-[17]. 
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Figure  1.  Capacitance  Pressure  Sensor 

Assuming  a  circular  diaphragm  restrained  around  its 
circumference,  the  elastic  deflection  'h'  at  distance  'r'  from 
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the  centre  of  the  diaphragm  under  pressure  'P'  is  given  by 

-  P^l-q1)2  (1) 

h  = m  v  ; 

* 

Where 

W  =  3(l-  P2)R4 
*  =  16  Ed3 
q  =  r/  R 

P  -  Poisson  ratio 
E  -  Modulus  of  Elasticity 
Et  -  Permittivity  of  dielectric 

Variation  of  Modulus  of  Elasticity  with  temperature  [11],  [12], 
[18]  can  be  given  by  (2) 


E(t)  =  E(2S)  *  [  1  + 


:cc-:- 


L       '"-llDD-^J- 


]Pa 


(2) 


where 

E  (t)  =  Modulus  of  Elasticity  at  temperature  t°C 
E  (25)  =Modulus  of  Elasticity  at  temperature  25  °C 
t  =  Temperature  in  °C 
Using  (2)  in  (1),  the  equation  for  the  deformation  caused 

due  to  the  pressure  applied  can  be  found  under  different 

temperatures.  The  effective  capacitance  of  the  chamber  may 

be  expressed  as 


C=    L^dr  F 


(3) 


By  using  the  above  equations  (1)  and  (3),  the  capacitance 
can  be  found  as 


H 


^•t>VT 


(4) 


Capacitance  is  also  a  function  of  temperature  [13],  [19],  which 
can  be  given  by  the  (5) 

C©  =  C(tc)  *  (1  +  aCt  -  t0)  4-  P  (t  -  t^1)  F      (5) 
where 

C  (t)  =  capacitance  at  temperature  t°C 
C  (t )  =  capacitance  at  temperature  t  °  C 
a,  (3  =  constants 
Using  (4)  and  (5)  the  effective  capacitance  change  for  the 
pressure  applied  for  different  values  of  temperature  can  be 
found. 

III.  Data  Conversion  Unit 

The  block  diagram  representation  of  the  proposed 
instrument  is  given  in  Fig  2. 

Timer  circuit  consist  of  a  555  IC  connected  in  astable 
mode  [20].  This  circuit  generates  a  train  of  pulses  whose 
frequency  is  given  by. 
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Figure  2.  Block  diagram 

From  (6),  it's  clear  that  the  frequency  of  the  timer  depends 
on  the  capacitance  (CPS).  Now  the  input  Pressure  applied  on 
the  CPS  is  converted  to  frequency.  This  frequency  is  further 
converted  to  voltage. 

Frequency  to  voltage  converter  (f- V)  [2 1  ] ,  is  a  circuit  which 
converts  the  given  frequency  into  voltage  and  is  given  by 


'DUt 


=  (Vs  *  CI  *  Rl)  *  f  V 


IV.  Problem  Statement 


(V) 


In  this  section,  characteristics  of  CPS  are  simulated  to 
understand  the  difficulties  associated  with  the  available 
measurement  technique.  For  this  purpose,  simulation  is 
carried  out  with  three  different  elasticity  modulus  of 
diaphragm.  These  are  E  =  70  GPa,  E,  =  lOGPa,  andE3=  130 
GPa.  Further,  three  different  diaphragm  thicknesses  are 
considered.  These  are  h  =  0.5mm,  h,  =  0.52mm,  and  h3  = 
0.54mm.  Three  different  dielectric  constants  as  6r1  =  30,  6^  = 
60,  and  6r3  =  90  are  chosen.  Different  temperatures,  like  tl  = 
25°C,  t2  =  50°  C,  and  t3  =  75°C  are  used  to  find  the  output 
capacitance  of  CPS  with  respect  to  various  values  of  input 
pressure  considering  a  particular  elasticity  modulus  for 
diaphragm,  thickness  of  diaphragm,  permittivity  of  dielectric 
constant,  and  temperature.  These  output  pressure  data  are 
used  as  input  of  data  conversion  unit  and  output  voltages 
are  generated. 

The  MATLAB  environment  is  used  of  and  the  following 
characteristics  are  simulated. 
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Figure  3.  Input  pressure  Vs  voltage  outputs  for  variations  of 

pressure  and  elasticity  modulus  of  diaphragm  with  diaphragm 

thickness  of  0.5mm,  dielectric  constant  of  30,  and  temperature  of 

25°C 
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Figure    4.  Input  pressure  Vs  voltage  outputs  for  variation  of 

pressure  and  dielectric  constants  with  temperature  of  25°C, 

elasticity  modulus  of  diaphragm  of  70GPa,  and  diaphragm  thickness 

of  0.54mm 
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Figure  5.  Input  pressure  Vs  voltage  outputs  for  variation  of  pressure 

and  diaphragm  thickness  with,  temperature  of  25°C,  modulus  of 

elasticity  of  diaphragm  of  100  GPa,  and  dielectric  constant  of  30 
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Figure  6.  Input  pressure  Vs  voltage  outputs  for  variation  of  pressure 

and  temperature  with  modulus  of  elasticity  of  diaphragm  of  100 
GPa,  dielectric  constant  of  30,  and  diaphragm  thickness  of  0.5mm 

Fig.3,  Fig.4,  Fig.5,  and  Fig. 6  show  the  variation  of  voltage 
with  changes  in  input  pressure  considering  different  values 
of  elasticity  modulus  of  diaphragm,  diaphragm  thickness, 
dielectric  constant,  and  temperature. 

It  has  been  observed  from  the  above  graphs  (Fig.3,  Fig.4, 
Fig.5,  and  Fig. 6)  that  the  relation  between  input  pressure  and 
voltage  output  of  data  converter  unit  is  non -linear.  Datasheet 
of  CPS  suggests  that  the  input  range  of  10%  to  75%  of  full 
scale  is  used  in  practice  as  linear  range.  The  output  voltage 
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also  varies  with  the  changes  in  elasticity  modulus  of 
diaphragm,  diaphragm  thickness,  dielectric  constant,  and 
temperature.  These  are  the  reasons  which  have  made  the 
user  to  go  for  calibration  techniques  using  some  circuits. 
These  conventional  calibration  techniques  have  drawbacks 
that  these  are  time  consuming  and  need  to  be  calibrated 
whenever  there  is  any  change  in  elasticity  modulus  of 
diaphragm,  diaphragm  thickness,  permittivity  of  dielectric 
constant,  and  temperature.  Further,  the  use  is  restricted  only 
to  a  portion  of  full  scale. 

To  overcome  these  drawbacks,  this  paper  proposes  to 
design  a  pressure  measurement  technique  incorporating 
intelligence  to  produce  full  scale  linear  output  and  to  make 
the  system  adaptive  to  variations  in  elasticity  modulus  of 
diaphragm,  diaphragm  thickness,  permittivity  of  dielectric 
constant,  and  temperature,  using  an  optimized  artificial  neural 
network. 

V.  Problem  solution 

The  drawbacks  discussed  in  the  earlier  section  are 
overcomed  by  adding  an  optimized  suitable  ANN  model, 
replacing  the  conventional  calibration  circuit,  in  cascade  with 
data  converter  unit.  This  model  is  designed  using  the  neural 
network  toolbox  of  MATLAB. 

The  first  step  in  developing  a  neural  network  is  to  create 
a  database  for  its  training,  testing,  and  validation.  The  output 
voltage  of  data  conversion  unit  for  a  particular  pressure, 
physical  parameters  of  CPS,  like,  elastic  modulus  of 
diaphragm,  diaphragm  thickness,  permittivity  of  dielectric 
constant,  and  temperate,  is  stored  as  a  row  of  input  data 
matrix.  Various  such  combinations  of  input  pressure,  elasticity 
modulus  of  diaphragm,  diaphragm  thickness,  permittivity  of 
dielectric  constant,  temperature,  and  their  corresponding 
voltages  at  the  output  of  data  conversion  unit  are  used  to 
form  the  other  rows  of  input  data  matrix.  The  output  matrix  is 
the  target  matrix  consisting  of  data  having  a  linear  relation 
with  the  pressure  and  adaptive  to  variations  in  elastic  modulus 
of  diaphragm,  diaphragm  thickness,  permittivity  of  dielectric 
constant,  and  temperature,  as  shown  in  Fig. 7. 
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Figure  7.  Target  graph 

Schemed  trained  by  algorithm 

AL  -  1 :  linear  trained  Levenberg-Marquardt  Algorithm 
(LMA) 

AL  -  2:  linear  trained  Guass  Newton  Algorithm  (GNA) 
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AL-  3:  linear  trained  Artificial  Bee  Colony  (ABC) 

AL-  4:  Back  Propagation  neural  network  trained  by  Ant 

Colony  Optimization  (BP_ACO) 

AL-  5:  Radial  Basis  Function  (RBF)  trained  by  Ant  Colony 

Optimization  (RBF_ACO) 

Table  1 .  Comparison  of  different  ANN  models 


Layers 

AL-1 

AX -2 

AL-3 

AL-4 

AL-5 

1 

MSE 

5.6E-1 

6.2E-1 

0.6E-1 

B.5E-2 

4.2E-2 

R 

0.621 

0.B11 

0.B90 

0.921 

0.94B 

2 

MSE 

2.6E-2 

1.2E-2 

6.BE-3 

5.7E-4 

2.1E-4 

R 

0.ES6 

0.916 

0.990 

0.996 

0.999 

3 

MSE 

8.2E-4 

2.1E-4 

4.BE-5 

6TE-J 

7.BE-6 

R 

0.986" 

0.55'. 

0.999 

0.999 

0.9996 

4 

MSE 

3.2E-6" 

0.2E-6 

4.BE-7 

2.2E-7 

3.IE-B 

R 

0.9991 

0.9999 

0.99993 

0.99994 

0.9999B 

5 

MSE 

1.1E-5 

2.1E-9 

6.7E-10 

4.2E-10 

1.1E-10 

R 

0. 59559 

0.99995 

0.99999 

0.99999 

0.99999 

The  process  of  finding  the  weights  to  achieve  the  desired 
output  is  called  training.  The  optimized  ANN  is  found  by 
considering  five  different  algorithms  with  varying  number  of 
hidden  layer.  Mean  Squared  Error  (MSE)  is  the  average 
squared  difference  between  outputs  and  targets.  Lower 
values  of  MSE  are  better.  Zero  means  no  error.  Regression 
(R)  measures  the  correlation  between  output  and  target. 
Regression  equal  to  one  means  a  close  relationship  and  zero 
means  a  random  relationship. 

Five  different  schemes  and  algorithms  are  used  to  find 
the  optimized  ANN.  These  are  LMA  [21],  [22],  GNA  [22],  [23], 
ABC  [24],  [25],  BP_ACO  [26] -[29],  and  RBF_ACO  [29]-[32]. 
Training  of  ANN  is  first  done  assuming  only  one  hidden 
layer.  MSE  and  R  values  are  noted.  Hidden  layer  is  increased 
to  2  and  training  is  repeated.  This  process  is  continued  up  to 
5  hidden  layers.  In  all  cases  MSE  and  R  are  noted  and  are 
shown  in  table- 1.  Mesh  of  MSE  and  R  corresponding  to 
different  algorithms  and  hidden  layers  are  shown  in  Fig.  8 
and  Fig. 9.  From  table- 1,  Fig. 8  and  Fig. 9,  it  is  very  clear  that 
ANN  model  with  RBF  scheme  and  trained  by  ACO  yields 
most  optimized  network  for  a  desired  MSE  as  threshold.  RBF 
trained  by  ACO  with  2  hidden  layers  is  considered  as  the 
most  optimized  ANN  for  desired  accuracy  of  result. 
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Figure  8.  Mesh  showing  the  MSE  corresponding  to  different  ANN 
models 
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Figure  9.  Mesh  showing  the  Regression  (R)  corresponding  to 
different  ANN  models 

The  network  is  trained,  validated,  and  tested  with  the 
details  mentioned  above.  Table-2  summarizes  the  various 
parameters  of  the  optimized  neural  network  model. 

Table  II.  Summary  of  optimized  ANN  model 


PARAMETERS  OF  THE  OPTIMIZED  NEURAL  NETWORKS 
MODEL 

Databas  = 

TraininE  base 

84 

Validation  basa 

2B 

Test  base 

2S 

Nd  of  neurons  in 

1st  Lavar 

~" 

2nd  Lavar 

E 

Transfer  function  of 

1st  lavar 

Tansie 

2ndd  Layar 

TansiE 

Output  Layar 

Linaar 

e. 

Pras  sura 

E 

h 

ti 

T=mp 

min 

O.OPa 

70GPa 

0.50  mm 

30 

25CC 

max 

2.5  MPa 

130  Gpa 

0.54  mm 

90 

75CC 

VI.  Results  And  Analysis 

The  proposed  optimized  ANN  is  trained,  validated,  and 
tested  with  the  simulated  data.  Once  the  training  is  over,  the 
system  with  CPS  along  with  other  modules,  as  shown  in  Fig 
2,  is  subjected  to  various  test  inputs  corresponding  to 
different  pressures  with  a  particular  elastic  modulus  of 
diaphragm,  diaphragm  thickness,  permittivity  of  dielectric 
constant,  and  temperature,  all  within  the  specified  range.  For 
testing  purposes,  various  parameters  are  chosen  within  the 
specified  ranges,  the  range  of  pressure  is  considered  from  0 
to  2.5x1 06Pa,  the  range  of  E  is  from  70  to  130  GPa,  the  range  of 
h  is  from  0.50  to  0.54  mm,  the  range  of  6  is  from  30  to  90,  and 
temperature  is  from  25  to  75°C.  The  outputs  of  the  proposed 
technique  with  ANN  are  noted  corresponding  to  various  input 
pressures  with  different  values  of  E,  h,  6 ,  and  t.  The  results 
are  listed  in  table-3.  Further,  the  input-output  result  is  plotted 
and  is  shown  in  Fig  10.  The  response  graph  in  Fig.  10  is 
matching  the  target  graph  as  shown  in  Fig  8. 

It  is  evident  from  Fig  10,  and  table-3,  that  the  proposed 
measurement  technique  has  incorporated  intelligence.  It  has 
increased  the  linearity  range  of  the  CPS  to  100%  of  input 
range.  Also,  the  output  is  made  adaptive  to  variations  in  the 
elasticity  modulus  of  diaphragm,  diaphragm  thickness, 
permittivity  of  dielectric  constant,  and  temperature.  Thus,  if 
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Table  III.  shows  the  results  of  proposed  technique  for  various  input 

CONDITIONS 


AP 
in 
10* 
Pa 

Ein 
GPa 

hin 
mm 

S: 

tin 

DC 

Oin 

V 

AN 

N 

o.'p 

inV 

MP 

in 
10* 

Pa 

0.5 

70 

0.54 

30 

25 

4.99 

10 

0.5 

0.5 

75 

0.53 

35 

30 

4.86 

10 

0.5 

0.5 

80 

0.52 

40 

35 

4.19 

1.0 

0.5 

1.0 

85 

0.51 

45 

40 

3.45 

2.0 

10 

1.0 

90 

0.50 

50 

45 

3.06 

2.0 

1.0 

10 

95 

0.50 

55 

50 

2.76 

2.0 

10 

1.5 

100 

0.51 

60 

55 

2.?S 

3.0 

1.5 

15 

:::■: 

0.52 

65 

60 

2.20 

3.0 

1.5 

1.5 

110 

0.53 

70 

65 

2.05 

3.0 

1.5 

2.0 

115 

0.54 

75 

70 

183 

4.0 

2.0 
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are  not  adaptive  of  variations  in  physical  parameters,  like 
elasticity  modulus  and  thickness  of  diaphragm  of  CPS, 
permittivity  of  dielectric  constant,  and  environmental 
conditions  like  temperature.  Hence,  repeated  calibration  is 
required  for  any  change  of  physical  parameters  of  CPS, 
permittivity  of  dielectric  constant,  and  temperature.  Sometime 
the  calibration  circuit  may  itself  be  replaced  which  is  a  time 
consuming  and  tedious  procedure.  Further,  most  of  the 
reported  works  have  not  utilized  the  full  scale  of  measurement. 
In  comparison  to  these,  the  proposed  measurement  technique 
achieves  linear  input  output  characteristic  for  full  scale  input 
range  and  makes  the  output  adaptive  to  variations  in  physical 
parameters  of  CPS,  dielectric  constant,  and  temperature.  All 
these  have  been  achieved  by  using  an  optimal  ANN.  This  is 
in  contrast  to  an  arbitrary  ANN  considered  in  most  of  the 
earlier  reported  works. 

Validation  of  the  proposed  technique  by  practical  data 
and  implementation  on  chip  will  be  carried  out  as  future 
works. 


[1] 


[2] 


[3] 


L4J 


1  1.5 

Pressure  in  Pascal  %.  1 0" 

Fig.  10.  Response  of  the  system  for  test  inputs 

the  diaphragm  is  replaced,  and/or  dielectric  is  changed,  the 
proposed  system  does  not  require  any  repeated  calibration. 
Similarly,  if  there  is  a  change  in  environment  conditions,  like 
change  in  temperature,  the  system  does  not  require  any 
further  calibration  to  give  the  accurate  reading. 

Five  different  schemes  and  algorithms  are  compared  to 
find  the  optimized  ANN.  An  ANN  model  with  less  number  of 
hidden  layers  for  performing  same  task  is  considered  as 
optimal.  An  ANN  model  with  RBF  trained  by  ACO  is  found  to 
perform  the  task  with  2  hidden  layers  and  is  termed  as 
optimized.  Simulation  results  show  that  the  objectives  have 
been  achieved  quite  satisfactorily. 

VII.  Conclusions  And  Future  Scope 

Available  reported  works  have  discussed  different        I"  J 
techniques  for  calibration  of  pressure  measurement,  but  these 
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